Introduction

39
In recent years high throughput RNA sequencing (RNA-Seq) has become the method of 40 choice for comparing gene expression changes of cells grown under different conditions 41 (Rapaport et al., 2013) . The relatively low cost of RNA-Seq, together with the availability 42 of efficient computational methods to process information from millions of sequencing 43 reads, has undoubtedly accelerated our understanding of gene regulation. However, a 44 change in mRNA relative abundance does not always imply a change in the amount of 45 the encoded protein (Schwanhäusser et al., 2011) . Filling this gap in understanding is 46 essential to discern the functional changes in the cell upon a given stimulus. 47
48
Many studies have shown that mRNA levels only partially explain protein levels in the 49 cell (de Sousa Abreu et al., 2009; Schwanhäusser et al., 2011; Payne, 2015; Ponnala et 50 al., 2014) . In yeast, the correlation between mRNA and protein abundance is typically in 51 the range 0.6-0.7 (de Sousa Abreu et al., 2009 ). In addition, the ratio between protein and 52 mRNA levels may vary across different conditions. For instance, substantial differences 53 in this ratio have been observed during osmotic stress in yeast (Lee et al. 2011) or after 54 the treatment of human cells with epidermal growth factor (Tebaldi et al., 2012) . This 55 strongly suggests that measuring changes in mRNA levels may often be insufficient to 56 identify the functional shifts taking place in the cell upon a given stimulus. 57 58 Protein quantification is often performed using whole proteome mass spectrometry-based 59 methods (Gerber et al., 2003; Edfors et al., 2016) . These methods provide a direct 60 measurement of protein abundance but they also have limitations, especially for the 61 detection of lowly expressed and/or small proteins (Slavoff et al., 2013 ). An alternative 62 way to estimate protein levels is the sequencing of ribosome-protected mRNA fragments, 63 or ribosome profiling (Ribo-Seq) (Ingolia et al., 2009 (Ingolia et al., , 2011 Aspden et al., 2014; Ruiz-64 Orera et al., 2014) . In contrast to RNA-Seq, which measures the total amount of mRNA 65 in the cell, Ribo-Seq only captures those mRNAs that are being actively translated. 66
Although Ribo-Seq measures translation, which is an indirect estimate of protein 67 abundance, it has the advantage over proteomics that virtually any mRNA can be 68
interrogated. In addition, Ribo-Seq reads can be quantified in the same manner as RNA-69
Seq reads. This implies that we can use the same pipelines as for RNA-Seq to identify 70 differentially expressed genes. 71
72
It has been proposed that alterations in the ratio between the relative number of Ribo-Seq 73 and RNA-Seq reads mapping to a given locus, known as the translation efficiency (TE), 74
can be used to identify putative translation activation or repression events (Ingolia, 2016) . 75
Numerous recent studies have used ribosome profiling data has been used to study 76 translation regulatory mechanisms (Jungfleisch et al., 2017; Yordanova et al., 2018) Here we perform differential gene expression analysis using RNA-Seq and Ribo-Seq data 81 during oxidative stress in Saccharomyces cerevisiae, a condition that is known to trigger 82 important regulatory changes both at the transcriptional and translational levels (Shenton 83 et al., 2006; Gerashchenko et al., 2012) . We compare the results to proteomics data 84 obtained from the same samples. The results show that the dynamics of total mRNA and 85 translated mRNAs are very distinct, and that most changes in the relative amount of 86 mRNA do not appear to have any consequences at the protein level. The study opens a 87 5 door for a more generalized use of Ribo-Seq data to measure changes in protein 88 expression across conditions. 89 90 We extracted ribosome-protected RNA fragments, as well as total polyadenylated RNAs, 95
Results and Discussion
from Saccharomyces cerevisiae grown in rich medium (normal) and in H 2 O 2 -induced 96 oxidative stress conditions (stress). We then sequenced ribosome-protected RNAs (Ribo-97 Seq) as well as complete polyA+ mRNAs (RNA-Seq) using a strand-specific protocol. 98
The Ribo-Seq data corresponded to the translated mRNA fraction (translatome), whereas 99 the RNA-Seq data corresponded to total mRNAs (transcriptome). For comparison we also 100 estimated protein concentrations (proteome) in the two conditions by mass spectrometry 101 (Figure 1) . 102
103
After quality control of the sequencing reads we obtained 31-36 million reads for Ribo-104
Seq and 12-15 million reads for RNA-Seq ( Supplementary Table S1 ). We mapped the 105 reads to the genome and generated a table of gene counts for each of the samples. After 106 filtering out non-expressed genes (see Methods), the table contained data for 5,419 S. 107 cerevisiae genes. Using mass spectrometry (mass spec) we could quantify the protein 108 We normalized the RNA-Seq and Ribo-Seq-based table of counts by calculating counts 112 per million (CPM) in logarithmic scale, or log 2 CPM (Supplementary Figure S1 ). The 113 gene normalized expression values showed a very high correlation between biological 114 replicates, with a correlation coefficient large than 0.99 between all pairs of Ribo-Seq or 115 RNA-Seq replicas ( Supplementary Table S2 ). In contrast, normalized protein abundances 116 between pairs of proteomics replicates showed correlation coefficients between 0.83 and 117 0.93 ( Supplementary Table S3 ), indicating that quantification by proteomics is less 118 reproducible than quantification by RNA-Seq and Ribo-Seq. 119 120 Importantly, the Ribo-Seq data correlated better with the proteomics data than RNA-Seq; 121 in the first case the correlation was 0.67-0.71 and in the second one 0.46-0.62 ( Figure 3) . 122
This supports that notion that Ribo-Seq provides a more accurate view of protein 123 expression than RNA-Seq (Ingolia et al., 2009) . 124
125
We next clustered the RNA-Seq and Ribo-Seq gene expression values using 126 multidimensional scaling (MDS)(Borg and Groenen, 1997)(Supplementary Figure S2) . 127
Remarkably, the Ribo-Seq measurements for the two conditions (normal and stress) were 128 more similar to each other than any of them was to the condition-matched RNA-Seq 129 measurements, and the same thing happened with the RNA-Seq-based measurements. 130
Thus, the sequencing approach employed is expected to have a strong impact in the results. 131 132 Next, we calculated the fold change (FC) gene expression difference between conditions, 133 taking the average expression values between replicates of the same experimental 134 condition. In agreement with the results obtained with MDS, the log 2 FC distribution 135 based on the Ribo-Seq data had a lower variance than the log 2 FC distribution using RNA-7 Seq data ( Figure 4 ). We considered the possibility that this pattern was due to the number 137 of Ribo-Seq reads being 2-3 times larger than the number of RNA-Seq reads 138
( Supplementary Table S1 ). To test for this, we subsampled the mapped reads so as to 139 have a similar number of reads in all the RNA-Seq and Ribo-Seq samples ( Supplementary  140   Tables S4 and S5 ). We again observed a lower log 2 FC variance for Ribo-Seq than for 141 Figure S3) , indicating that the observed variance difference 142 has a biological origin. 143 144 Differential gene expression analysis 145 146
RNA-Seq (Supplementary
We performed differential gene expression analysis, separately for Ribo-Seq and RNA-147
Seq data, using multivariable linear regression with the Limma package (Law et al., 2014) . 148
Limma provides a list of differentially expressed genes with the corresponding adjusted 149 p-values. We selected genes with an adjusted p-value < 0.05 and a log 2 FC larger than one 150 standard deviation; the latter corresponded to a minimum FC of 1.49 for RNA-Seq data 151 and 1.36 for Ribo-Seq data. We used the standard deviation instead of a fixed value to 152 accommodate for the differences in the width of the log 2 FC distributions ( Figure 4 ). 153
154
We obtained 817 up-regulated genes during oxidative stress using RNA-Seq data, 155 compared to only 92 with Ribo-Seq data. Thus, the vast majority of the genes identified 156 as up-regulated in stress with RNA-Seq data were not significantly up-regulated when 157 using the Ribo-Seq data to do the same analysis. The number of down-regulated genes 158 was 846 and 519 for RNA-Seq and Ribo-Seq, respectively. Overall, only a small fraction 159 of the differentially expressed genes was common to both approaches (5-10%, see below). Ribo-Seq included several members of these families (e.g. HXK2, TDH1, CYC1, HSP10), 166 consistent with transcriptional activation of genes directly involved in stress response. 167
168
Attempts to use the same pipeline to identify differentially expressed genes using the 169 proteomics data did not yield significant results. The reproducibility of protein abundance 170 estimates using mass spec data is not as high as the reproducibility of gene expression 171 levels in the case of RNA sequencing data, which decreases the power of differential gene 172 expression analysis using this kind of data ( Supplementary Table S3 ). supporting an important disconnect between the two kinds of data ( Figure 5 ). We 178 quantified the number of genes that showed a significant change in the same direction i.e. 179 homodirectional changes. There were 38 genes that were up-regulated during stress using 180 both RNA-Seq and Ribo-Seq data, this is a small number but still more than double the 181 number expected by chance (15 genes). The number of homodirectional down-regulated 182 genes was 89, compared to 55 be expected by chance. In summary, while there was a 183 modest overlap between the stories told by RNA-Seq and Ribo-Seq data (test of 184 proportions p-value < 1.32x10 5 ), the majority of the differentially expressed genes were 185 not concordant. approach is based on the assumption that the number of Ribo-Seq reads is proportional to 219 the amount of translated protein. We detected 470 genes that showed increased TE, and 220 714 genes that showed decreased TE, in oxidative stress versus normal growth conditions 221 (adjusted p-value < 0.05; see Methods). 222
223
We reasoned that genes whose translation becomes more active during stress should have 224
increased TE values but also be classified as upregulated when using Ribo-Seq for 225 differential gene expression analysis. We only found 17 genes fulfilling both conditions 226
(3.6% of the genes with increased TE), indicating that activation of translation probably 227 has a relatively small impact in the response to oxidative stress. In the vast majority of 228 cases the increase in TE could be explained by a decrease in RNA-Seq signal during stress 229
( Supplementary Table S6 ). 230 231 By the same token, genes whose translation is repressed during stress are expected to 232 have decreased TE values but also be classified as down-regulated by Ribo-Seq. We 233 found 246 such genes (34.4% of the genes with decreased TE), suggesting that this 234 mechanism may be more prevalent. Among them there were 12 genes from the cell cycle 235 functional category ( Supplementary Table S7 ). The putative translational repression of 236 these genes did not appear to be mediated by increased translation of upstream ORFs 237 (Gerashchenko et al., 2012) , as we did not detect any increase in the number of Ribo-Seq 238 reads mapping to 5'UTR regions when compared to coding sequences in stress conditions. 2018). Here we have used Ribo-Seq data to perform differential gene expression analysis 255 during oxidative stress, and compared the results to RNA-Seq and to proteomics data. 256
257
We have shown that gene expression levels inferred from Ribo-Seq data correlate better 258 with protein abundance than those inferred from RNA-Seq data. Remarkably, many of 259 the genes that are classified as differentially regulated using RNA-Seq do not show a 260 similar effect when the Ribo-Seq data is analyzed, strongly suggesting that, for these 261 genes, no significant changes at the protein level take place. The methodological 262 framework we have developed here can be applied to other conditions and help advance 263 our understanding of gene regulation. In order to capture ribosome protected mRNAs, cyclohexamide was added one minute 277 before the cells were harvested. Cyclohexamide is commonly used as a protein synthesis 278 inhibitor in order to prevent ribosome run-off and the subsequent loss of ribosome-279 transcript complexes. One third of each culture was used for ribosome profiling (Ribo-280 Seq); the rest was reserved for RNA-Seq. 281 282 Cells were lysed using the freezer/mill method (SPEX SamplePrep); after preliminary 283 preparations, lysates were treated with RNaseI (Ambion), and subsequently with 284 SUPERaseIn (Ambion). Monosomal fractions were collected; SDS was added to stop any 285 13 possible RNAse activity, then samples were flash-frozen with N 2 (l). Digested extracts 286 were loaded in 7%-47% sucrose gradients. RNA was isolated from monosomal fractions 287 using the hot acid phenol method. Ribosome-Protected Fragments (RPFs) were selected 288 by isolating RNA fragments of 28-32 nucleotides (nt) using gel electrophoresis. The 289 preparation of sequencing libraries for Ribo-Seq and RNA-Seq was based on a previously 290 described protocol (Ingolia et al., 2012) . Pair-end sequencing reads of size 35 nucleotides 291 The RNA-Seq data was filtered using Trimmomatic with default parameters (version 298 0.36) (Bolger et al., 2014) . In the Ribo-Seq data we discarded the second read pair as it 299 was redundant and of poorer quality than the first read, and then used Cutadapt (Martin, 300 2011) to eliminate the adapters and to trim five and four nucleotides at 5' and 3' edges, 301 respectively. Ribosomal RNA was depleted from the Ribo-Seq data in silico by removing 302 all reads which mapped to annotated rRNAs. Ribo-Seq reads shorter than 25 nucleotides 303 were not used. 304
305
After quality check and read trimming, the reads were aligned against the S. cerevisiae 306 genome (S288C R64-2-1) using Bowtie 2 (Langmead et al., 2009 ). For annotation we 307 used a previously generated S. cerevisiae transcriptome containing 6,184 annotated 308 coding sequences plus 1,009 non-annotated assembled transcripts (see Supplementary  309 data). SAMtools (Li et al., 2009 ) was used to filter out unmapped reads. 310
311
We counted the number of reads that mapped to each gene with HTSeq-count (Anders et 312 al., 2015) . We used the mode 'intersection strict' to generate a table of counts from the 313 data; the procedure removed about 5% of the reads in the case of RNA-Seq, and 8% in 314 the case of Ribo-Seq. Only genes in which the average read count of the two replicates 315 was larger than 10 in all conditions (normal and stress, for RNA-Seq and for Ribo-Seq) 316
were kept. The filtered table of counts contained data for 5,419 genes. 317
318
For subsampling the number of mapped reads we used SAMtools (Li et al., 2009) . We 319 used the function 'samtools view' with option '-s 0.X', where X is the percentage of reads 320 that we wish to keep. 321 322
Differential gene expression analysis 323 324
The table of counts was normalized to log 2 Counts per Million (log 2 CPM), in order to 325 account for the different number of total reads in each sample. Before performing 326 differential gene expression analysis, we normalized the data using Trimmed Mean of M-327 values (TMM) as implemented is the package edgeR (Robinson et al., 2010) . Finally, we 328 applied the Limma voom method (Law et al., 2014) to identify differentially expressed 329 genes, separately for RNA-Seq and Ribo-Seq data (adjusted p-value < 0.05 and |log 2 FC| > 330 1 SD(log 2 FC)) . 331
332
We also performed the same kind of analysis for the proteomics data. We used genes 333 which had at least 3 unique peptides and could be quantified in all 6 replicates (1,580 334 genes); the procedure did not identify any significantly up or down regulated genes, using 335 an adjusted p-value < 0.05. 336 337 Quantification of protein abundance by mass spectrometry 338 339 For our proteomics experiment, we analysed 3 replicates per condition by LCMSMS 340 using a 90-min gradient in the Orbitrap Fusion Lumos. These samples were not treated 341 with cyclohexamide. As a quality control measure, BSA controls were digested in parallel 342 and ran between each sample to avoid carry-over and assess the instrument performance. We identified significantly enriched functional clusters in differentially expressed genes 357 using DAVID (Huang et al., 2009 ). The analysis was done separately for over-and under-358 expressed genes and for RNA-Seq and Ribo-Seq derived data. Only clusters with 359 enrichment score ≥ 1.5 and adjusted p-val < 0.05 were retained. In each cluster we chose 360 a representative Gene Ontology (GO) term (Ashburner et al., 2000) , with the highest 361 number of genes inside the cluster. Figure 4 integrates the results obtained with the Ribo-362
Seq and the RNA-Seq data, the log 10 fold enrichment of the significant GO terms is 363 We recovered 5'UTR sequences for 5 of the 12 cell cycle-related genes that were 378 potentially repressed at the translational level (HTL1, SPC19, CDC26, BNS1, DIB1). In 379 none of these cases the number of Ribo-Seq reads in the 5'UTR divided by the number of 380 replicates S1 and S2). scale. FC was calculated as the ratio between the number of reads in oxidative stress and 432 normal conditions. We took the average number of reads per gene among the replicates. 433
The standard deviation of log 2 FC was 0.44 for Ribo-Seq (RP) and 0.57 for RNA-Seq 434 (RNA). 
